We explore the role of evolving beliefs regarding the structure of the macroeconomy in improving our understanding of the term structure of interest rates within the context of a simple macro-finance model. Using quarterly vintages of real-time data and survey forecasts for the United States over the past 40 years, we show that a recursively estimated VAR on real GDP growth, inflation and the nominal short-term interest generates predictions that are more consistent with survey forecasts than a benchmark fixed-coefficient counterpart. We then estimate a simple term structure model under the assumption that the investors risk attitude is driven by near-term expectations of the three state variables. When we allow for evolving beliefs about the macroeconomy, the resulting term structure model provides a better fit to the cross section of yields than the benchmark model, especially at longer maturities, and exhibits better performance in out-of-sample predictions of future yield movements.
Introduction
Economic theory suggests that the term structure of interest rates at any moment ought to reflect agent's perceptions regarding the current state of the macroeconomy as well as its dynamic structure. The endogenous response of monetary policy to inflation and economic conditions provides a strong link between these factors and current and expected future short-term interest rates. And to the extent investor appetite for risk varies with business conditions, premia on long-term yields would also reflect current and expected business cycle developments.
In this light, the recent success of no-arbitrage term structure models with macroeconomic factors in fitting jointly the term structure of interest rates and macroeconomic dynamics of the U.S. economy, has been a welcome development in macroeconomics and finance. These models typically posit that the macroeconomy is governed by a simple fixed-coefficient dynamic structure and that agents know this structure and form expectations consistent with the model.
While such simple fixed-coefficients dynamic models have proven useful, many researchers also find that these models must be supplemented with additional latent factors and unobservable shocks to provide a satisfactory fit of yields across the spectrum of maturities. The key difficulty lies in that such a fixed-coefficient model implies that bond yields and macro variables span the same information set and are linked to each other via a time-invariant functional form, an implication that finds limited empirical support.
In this paper, we relax the restriction of a time-invariant relationship between macro variables and bond yields by allowing evolving perceptions regarding the dynamic structure of the economy. In particular, we posit that agents engage in real-time re-estimation and updating of a vector autoregression (VAR) model assumed to govern the dynamics of the macroeconomy and, in each period, form expectations based on the estimation results with data available during that period. In this manner, we obtain an anticipated-utility version of a no-arbitrage model of the term structure. We show that such a model generates forecasts about future path of the economy that are more consistent with the survey evidence and explore its role in improving the empirical performance of the macro finance models. We estimate the model using real-time vintages of quarterly data and corresponding survey forecasts for inflation, output growth and the short-term interest rate from the Federal Reserve Bank of Philadelphia's survey of professional forecasters. To recover the evolution of perceptions about macroeconomic dynamics, in each quarter we estimate the VAR parameters that fit the historical data as well as the panel of survey forecasts in that quarter. We then use the recursive VAR estimates to fit our dynamic term structure model.
The main findings from this exercise can be summarized as follows. First, our results suggest significant deviations from the fixed-coefficient model-consistent benchmark model of expectations. Allowing for evolving perceptions regarding economic dynamics results in a significantly improved understanding of the evolution of expectations over time. Second, allowing for evolving macroeconomic expectations leads to large and economically significant improvement in the fit of the term structure, especially as the maturity lengthens. Contribution from an additional latent factor, albeit still large, become less important. Finally, survey forecasts provide useful information regarding the perceived future path of the economy and help improve both the in-sample fit and the out-of-sample forecasts of yields at the shorter end.
Our paper is related to the large literature on learning. Compared to models imposing rational expectations and a fixed known rule governing how the economy evolves over time, models in which agents have to infer in real time the structure of the economy appear to provide a better description of the inflation dynamics 1 and the monetary policy decision making process 2 , and generate forecasts about the future path of the economy that are more consistent with the survey evidence 3 . Term structure implications of learning have been examined by Cogley (2005) using a two-latent-factor Gaussian term structure model and Piazzesi and Schneider (2006) in a consumption-based asset pricing framework. However, the latent factor setup in the former hampers uncovering the economic driving forces behind interest rate variations, and the relative few number of the factors in both studies leads to a less than satisfactory fit of the cross section of yields.
Our paper builds on the rapidly expanding macro finance literature that examines bond pricing implications of New Keyesian models by superimposing either an exogenous specified or an endogenously derived pricing kernel. 4 More recently, learning is incorporated into this type of models, where agents continuously update their beliefs regarding the central bank's inflation target (Kozicki and Tinsley (2001a,b) , Dewachter and Lyrio (2006) ) or the degree of monetary policy activism in general (Ang, Boivin, and Dong (2007) ). In comparison, the cur-1 See, for example, Cogley and Sargent (2002) . 2 Eg. Orphanides and Williams (2005a,b) . 3 Branch and Evans (2006) 4 Among others, see Ang and Piazzesi (2003) , Rudebusch and Wu (2004) , and Hördahl, Tristani, and Vestin (2006) for the former, and Bekaert, Cho, and Moreno (2004) and Dewachter and Lyrio (2006) for the latter. rent paper makes no a priori assumptions about the potential source of structural instabilities, but allows the agents to learn about all aspects-the drift, the slope coefficients and the conditional volatilities-of the economy. One paper that is most closely related to ours is Laubach, Tetlow, and Williams (2007) , who approximate agents' changing expectations about the economy using a constant-gain VAR similar to ours and examine the term structure implications. However, they do not employ real-time information from survey data to estimate or evaluate the model as we do here.
Finally, a number of papers use survey information in term structure estimation. Kim and Orphanides (2006) show that incorporating additional information from survey forecasts of short-term interest rates help alleviate the small-sample problem when estimating a latentfactor term structure model. Pennacchi (1991) and D'Amico, Kim, and Wei (2007) use survey forecasts of inflation to identify expected inflation in a real term structure model, where most of the risk factors remain unobserved. In contrast, Chun (2007) assumes that one set of observed risk factors, the survey forecasts of the short rate, real GDP growth and inflation, drive the bond yields. He assumes that agents' expectations depend solely on their own lags with no feedback from subsequent realizations of the macro variables. His analysis also focuses exclusively on one-period ahead forecasts and ignores the information contained in the entire term structure of forecasts.
The rest of the paper is structured as follows. Section 2 motivates the paper and describes the data used in this study. We summarize the various models in Section 3 and review the estimation methodology in Section 4. The main empirical results are presented in Section 5 while Section 6 contains some further discussions. Finally, Section 7 concludes.
Data and Motivation
Real-time data on seasonally adjusted real and nominal GDP is obtained from Federal Reserve Bank of Philadelphia's website for the sample period of 1954Q1 to 2006Q2. 5 We construct the implied GDP deflator from these two series and measure inflation as the logarithm of quarterly changes in the implied GDP deflator. 5 The real GDP series measures real, fixed-weight GNP before 1992Q2, real, fixed-weight GDP between 1992Q2 and 1995Q4 , and real, chain-weight GDP thereafter. The nominal GDP series measures nominal GNP prior to 1992Q1 and nominal GDP thereafter.
Median SPF forecasts of 3-month T-Bill rate, nominal and real GDP level, GDP deflator and 10-year T-Bond yields are also obtained from Federal Reserve Bank of Philadelphia. SPF forecasts are available starting from 1968Q4 for nominal GDP and GDP deflator, from 1981Q3 for real GDP and 3-month T-Bill rates, and from 1992Q1 for 10-year T-Bond yields. We fill in real GDP forecasts for the period of 1968Q4 to 1981Q2 using forecasts of nominal GDP and GDP deflator. Survey participants forecast the level of each variable for the preceding, the current and the next four quarters, which allow us to construct quarterly growth rate forecasts for real GDP and GDP deflator for the current and the following four quarters. We also use five-to ten-year ahead forecasts of real GDP growth, GDP deflator inflation, and yields of maturities 3 months, 2 and 10 years from Blue Chip Economic Indicators, available twice a year in February and September between 1986Q1 and 2006Q2. 6 Nominal yields for the maturities of 3-month and 1 to 5 years from 1965Q4 to 2006Q2 are obtained from CRSP. For longer maturities, we use 7-and 10-year yields based on a zero coupon nominal yield curve fitted at the Federal Reserve Board using the Svensson (1995) method, available since 1961Q3 for the 7-year maturity and since 1971Q4 for the 10-year maturity. 7 We select yields at the end of the first month within each quarter to best approximate the release dates of real-time macro data as well as the SPF and Blue Chip forecasts. Figure 1 plots the 3-month nominal short rate, the final-vintage data on annual real GDP growth and annual GDP deflator inflation, together with the corresponding SPF forecasts four quarters ago.
The macro term structure literature typically motivates the link between the term structure and the real economy by referring to a forward-looking monetary policy rule, in which the central bank judiciously selects an optimal short-term policy rate based on the predicted path of future economy. A question frequently left unexplored is whether the presumed law of motion used in the empirical testing of the policy rule indeed generates forecasts consistent with investor expectations observed at the time of monetary policy decision. In addition, under the further assumption that the economy evolves over time according to a fixed-coefficient VAR, these models often predict that the yield curve contain as much information about future macro variables as do current macro variables, as yields and the underlying macro state variables are 6 Forecasted variables are real GNP growth and GNP deflator inflation up to September 1991, 3-month yield throughout, and 3-and 30-year yields up to September 1987. 7 See Gurkaynak, Sack, and Wright (2006) for details.
flip sides of the same coin in such an economy.
Such a prediction can be easily tested. We estimate two predictive regressions for real GDP growth and inflation, where the explanatory variables are the short rate, lagged real GDP growth and lagged inflation on the one hand, and the 3-month, 1-year and 10-year nominal yields on the other. When predicting real GDP growth, the two regressions become
and
where g t is the real GDP growth, π t is the GDP deflator inflation, and y n t is the n-quarter yield.
The results from these regressions based on the final-vintage data are reported in the first two panels of Table 1 . As can be seen from the first panel, when predicting next-quarter real GDP growth, the R 2 goes down from 12% using lagged macro variables to 7% using yield curve variables alone. A more dramatic reduction in explanatory power is observed for quarterly inflation, as shown in the second panel, where the R 2 falls from 73% using macro regressors to 39% using yield curve regressors.
At first sight, this seems to suggest that much of the yield curve variations are not related to macro variables, boding ill for any attempt to extract information about future economic condition from the current term structure or to explain yield curve variations using macro variables. A different interpretation, however, is that the assumption of a known fixed-coefficient data generating process does not hold. Indeed, the ample empirical evidence that monetary policy practice and the structure of the macro economy may have shifted over time would suggest that this assumption is untenable. Even if the true underlying structure of the economy were fixed over time, but economic agents had to estimate and discover this structure, beliefs would evolve over time as additional data were incorporated into the agents's discovery process. And depending on how real-time perceptions about the structure of the economy evolved over time, real-time expectations, and the term-structure of interest rates mirroring these expectations would correspondingly differ. For instance, for any given history of economic growth rates and inflation, differences in the perceived persistence or the perceived long-term asymptotes of these variables could have vastly different implications for longer-term interest rates.
Obviously, in such circumstances, yields continue to be driven by expectations about future macro variables, which are in turn linked to current macro variables in a time-varying fashion, suggesting that fixed-coefficient regressions like (1) and (2) are misspecified.
To examine the empirical validity of this conjecture, we re-run regressions (1) and (2) but replace the realized GDP growth and inflation by their SPF forecasts on the left hand side.
As can be seen in Table 1 , a different result emerges from this exercise. For example, the third panel of the table shows that using yield curve regressors alone, we can explain 32% of the variations in the median SPF forecasts of next-period real GDP growth, much higher than when predicting realized real GDP growth and even higher than when predicting SPF forecasts of real GDP growth with lagged macro variables, which account for a slightly smaller 30%
of the observed variations in median SPF forecasts. Similarly, the last panel shows that the explainable portion of the movement in SPF inflation forecasts declines from around 85%
using macro variables to a lower yet still respectable 52% using yield curve variables alone.
Overall, Table 1 seems to suggest that yield curve contains important information about investor expectations about future macro variables; however, such a link is shrouded by a timevarying relationship between realized macro variables and their expected future values. In the rest of this paper, we introduce time-varying coefficients to the perceived law of motion of the economy, taking seriously the restriction that any forecast generated by the model should be a reasonably good approximation to the true investor expectations, as measured by survey forecasts, and examine the pricing implications for longer-term fixed-income assets.
Models

Time-Varying VAR
At each quarter t, investors observe last quarter's real GDP growth rate, g t−1|t , last quarter's inflation, π t−1|t , the current 3-month nominal short rate, r t , where the subscript t − 1|t denotes quarter-(t − 1) values observed at quarter t and reflects the time lag in macro data releases.
At each point of time t, investors fit a kth-order VAR to these three state variables,
Let X t = {X t , . . . , X t−k+1 } be the extended state space and rewrite the VAR in the com-panion form in the usual way as
where
We assume that investors update their VAR estimates in two steps. In the first step, they estimate the long-run mean of each variable as a discounted weighted average based on a rolling sample of size N
where v is the gain parameter and controls how aggressively the past history is discounted when forming the mean estimates. In the rest of the analysis we use a sample size of 40 quarters and a gain parameter of v = 0.98.
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In the second step, they estimate the rest of the VAR parameters by standard OLS without a drift term using demeaned data from the same rolling sample.
This two-step scheme allows the investors to pick up the low-frequency variations in the trend components and helps avoid the problem that near-unit-root slope estimates occasionally arise and lead to implausible behavior for long-horizon forecasts if all parameters are estimated in one step. Alternatively, we could use historical long-term forecasts from public or private sources, such as those published by the Congressional Budge Office or from Blue Chip Blue Economic Indicators, to emulate agent's real-time demeaning of the data.
Investors form expectations of future realizations of the state variables based on current parameter estimates:
represents expectation conditional on the entire history of the state variables and the current parameter estimates, F = I 3 , 0 3×3(k−1) selects current state variables, and
8 We also experimented with other values for the gain parameter and obtain similar results.
In other words, although the investors are fully aware that their parameter estimates might change when new data arrives in the future, at each point in time they act as if current estimates will persist in the future, ignoring parameter uncertainties. In agreement with Sargent (1999) and others, we view this assumption of "anticipated utility" as a good approximation to how investors actually behave in the real world.
Term Structure
The nominal short rate is given by r t = e 3 Y t , where e 3 = [0, 0, 1] is a selecting vector. Agents observe current level of the short rate; their expectations about future short rates, on the other hand, depend on the current state variables as well as current parameter estimates.
The log nominal pricing kernel is specified in the usual fashion as
where λ t is the nominal price of risk and is a function of expected next-period state variables,
. More specifically, the nominal price of risk is given by
where ϕ 0,t = C 1,t = F µ t and ϕ 1,t = D 1,t = F Φ t .
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Here we assume that term structure parameters, λ 0 and λ 1 , are fixed throughout the sample period. This reflects our judgement that investor preferences are more stable over time than the structure of the economy.
The price of an n-period nominal bond can be shown to be an exponential affine function of the state variables with time-varying coefficients:
where A n,t and B n,t follow recursive equations
9 A different version of the models, where λ t depends on current-period state variables, X t , rather than expected next-period values, is found to always generate a worse fit with observed yields at all maturities.
with initial conditions A 1,t = 0 and B 1,t = −e 3 . Bond yields are also affine functions of the state variables
with coefficients a n,t = −A n,t /n and b n,t = −B n,t /n.
We also estimate some alternative models where the term structure is driven by one additional latent factor, l t , which is assumed to be conditionally uncorrelated with the macro factors and follows the process
where l t is distributed standard normal and uncorrelated with t at all lags. In this case the prices of risk are parameterized as
The price of risk parameters associated with shocks to the latent factor, λ l 0 , λ lm 1 and λ ll 1 , are unidentified using nominal bond yields only, as the nominal short rate and hence the entire nominal yield curve are not exposed to risks associated with l t . We therefore set those parameters to zeros. In contrast, λ ml 1 controls how the latent factor l t affects nominal bond pricing by influencing risk loadings on macro factors and can be identified from bond excess returns. In other words, the latent factor in this economy is purely a price of risk factor and only influence bond yields through the term premium component. Bond pricing in this framework is similar to that in the standard model and is outlined in the appendix.
Summary of Models
Our main analysis will focus on three models. We start from a benchmark model (Model FC) where all VAR parameters are assumed to be time-invariant and are estimated once over the full sample using the final-vintage data, as commonly seen in the literature. The second model is our preferred model as specified above, which we hereafter refer to as Model TVC. Finally, we re-estimate Model TVC using SPF forecasts of macro variables as additional data inputs, which we will call Model TVC-S. Neither SPF forecasts of yields nor Blue Chip forecasts are used in the estimation.
For illustration purposes, we also estimate two alternative models. The first alternative model is motivated by Kozicki and Tinsley (2001b) , who show that allowing time variations in the perceived inflation target is crucial for explaining the movement in the long end of the yield curve. To evaluate the relative contribution of time variations in the drifts versus in the rest of the parameters, we estimate an alternative model (Model PFC) where the drift terms, but not the slope or the volatility coefficients, vary over time. More specifically, we first estimate the time-varying drifts as the discounted weighted averages based on the last ten years of data, and then estimate the slope and volatility coefficients using the demean data over the full sample. Table 2 summarizes all models estimated in this paper.
Estimation
We use a two-step maximum likelihood procedure to estimate the model. The parameters Θ can be partitioned into the parameters µ, Φ and Σ that govern the VAR dynamics (3), and the parameters λ 0 , λ 1 , and ρ = [ρ m , ρ l ] in Model TVC-L, that govern the term structure dynamics.
In the first step, we estimate the VAR parameters µ, Φ and Σ based on either the final vintage (Model FC) or the current vintage (Model TVC) of data by standard OLS if no SPF forecasts are used in the estimation. If SPF forecasts are used, we estimate the model by maximizing the following log likelihood function
where σ spf t represents the standard deviation of measurement errors on SPF forecasts. We fix σ spf t at 75 basis points annual rate, similar to Kim and Orphanides (2006) .
In the second step, we estimate the price of risk parameters, λ 0 and λ 1 , and ρ if applicable, by maximizing the likelihood for the observed yields, holding the history of VAR parameter estimates, µ t , Φ t and Σ t , fixed from the first step. More precisely, at each time point t, we observe yields on N zero coupon nominal bonds,
. we compute model-implied yieldsŷ (n) t = a n,t +b n,t X t based on the observed state variable and current parameter estimates, and find values of the parameters that solve the problem
One of the observed factors, the short rate, makes direct use of the yields y
t , and is considered to be measured without any observation error. When estimating models with an extra latent factor, we make the additional assumption that the 7-year yield is also observed without error. Other yields are functions of the state variables, X t , according to the model pricing equation (9), and are treated as being measured with small sampling errors. We assume that the sampling errors have mean zero and estimate their standard deviation Ω in the second stage. Table 3 reports the parameter estimates for Model FC, where all coefficients are held fixed throughout the sample. The unconditional moments of the VAR variables implied by this model are constant over time and are plotted as the blue line in Figure 2 . The short rate is the most persistent factor among the three with an autocorrelation coefficient of 0.93, while the real GDP growth is the least persistent with an autocorrelation coefficient of 0.3. Unconditionally, the price of risk is negative (positive) for real GDP growth (inflation) shocks, with the puzzling implication that an asset with returns positively correlated with real GDP growth (inflation) shocks receives a negative (positive) risk premium on average. The price of real GDP growth (inflation) risks loads negatively (positively) on both the expected real GDP growth and the expected short rate, suggesting that investors are more sensitive to both types of shocks when the expected economic growth is relatively strong or when the expected short rate is high. In contrast, when the expected inflation is running above average, investors become more sensitive to real GDP growth shocks but less sensitive to inflation risks. The fitting errors in yields are much larger than in typical latent-factor models, especially at longer horizons. Table 4 reports the parameter estimates for Model TVC, where VAR parameters are estimated on a rolling sample of 40 quarters and without using additional information from SPF forecasts. The time-series average of the VAR parameter estimates reported here are quite similar to what we see in Model FC. The price of risk parameters, however, are quite different. Unconditionally, the price of risks is positive (negative) for real GDP growth (inflation) shocks, which seems more plausible given that an average investors would prefer to hold an asset that has a higher return when the economy is weaker or when inflation is running high.
Empirical results
Parameter Estimates
The first two diagonal terms in the λ 1 matrix is positive and negative, respectively, suggesting that investors become more sensitive to real GDP growth risks when the economy is expected to slow down and more sensitive to inflation risks when inflation is expected to pick up. Fitting errors in yields of maturities of longer than two years are uniformly smaller than what we see in 3. The biggest improvement is seen at the ten-year maturity with its fitting errors shrunk by more than 40%.
Finally, we introduce additional information from SPF forecasts and report the parameter estimates for Model TVC-S in Table 5 . The fitting errors are larger than in Model TVC (Table   4 ) beyond the one-year maturity but still smaller than those in Model FC (Table 3 ). Table 6 summarizes how model forecasts of future VAR variables differ from their survey counterparts. For all three models, we compute implied forecasts of real GDP growth, inflation and the 3-month short rate 1-to 5-quarters from now, and report the root mean squared differences between those forecasts and the corresponding survey counterparts, relative to a random walk what we see from survey forecasts. In particular, the 10-year inflation forecasts during the early 1980s generated by this model only edged slightly higher and quickly came down to its average level, while survey forecasts from that period shot up and stay well above realized inflation for quite some time even as inflation moderated. Model TVC and TVC-S, neither of which uses survey information during this period, are able to match the substantial increase and the subsequent gradual decline of long-term inflation forecasts relatively well.
Expectations of Future VAR Variables
Expectations of Future Yields
A remaining question is whether a model that better describes agents' expectations about future macro economy also generates forecasts of future yields that are more consistent with the survey evidence. To answer this question, Table 7 compares model-implied and survey forecasts of 2-and 10-year yields and reports the root mean squared differences relative to a random walk model. Survey forecasts of longer-term yields are available only recently. The forecasts of the average 2-and 10-year yields during the next five to ten years are from the Blue Chip survey and are available since 1986Q1, while the SPF forecasts of 10-year yield is available since 1992Q1. Note that these forecasts are not used in estimating any of the models.
Evidence based on this short sample period seems to suggest that allowing time variations in the VAR estimates in Model TVC generates forecasts of future yields that are closer to survey forecasts at the 10-year maturity but not at the shorter 2-year maturity. Consistent with Table   6 which suggests that survey information brings the biggest improve at the shorter end of VAR dynamics, the forecasts based on Model TVC-S also shows a smaller departure from survey forecasts at the shorter two-year maturity. 
Out-of-Sample Forecasting
Another way to test the model is too examine how well it performs in out-of-sample forecasting. It's conceivable that a model with more free parameters, such as the type of models with time-varying coefficients estimated in this paper, could fare better in sample but less well out of sample. To see whether this is the case, Table 8 reports the RMSEs in out-of-sample forecasting of VAR variables and long-term yields based on all three models and the SPF. Panel A shows that the two time-varying coefficient models (TVC and TVC-S) indeed perform slightly worse than the fixed-coefficient model (FC) in forecasting VAR variables out of sample, most notably for forecasting inflation. However, they are still comparable to the SPF forecasts.
Turning to forecasting longer-term yields out of sample, Panel B shows that Model TVC outperforms model FC for maturities of five years and beyond and horizons above one year, with the RMSE 65% lower when predicting 10-year yield two years hence. Introducing survey information on macro variables post 1986 in Model TVC-S mostly improves on the model's ability to predict the shorter end of the yield curve at the expense of a slightly worse performance at the long-end of the yield curve, although it continues to outperform Model FC for the 10-year bond maturity and at the two-year forecasting horizon. imply that the long-term mean of the short rate has shifted higher during this period, which pushes up the EH component and the total level of the long-term yield.
Term Structure Implications
In comparison, the high level of model-implied 10-year yields in the 1990's as implied by
Model FC is primarily due to an increase in the term premium rather than in the EH component, which in turn results from a positive correlation between the level of the short rate and the term premium (see Figure 8 ), as this model predicts that investors become more sensitive to both real GDP growth and inflation risks and demand a higher term premium as the short rate rises.
In contrast, Models TVC and TVC-S imply that a higher short rate primarily acts to reduce risk premiums associated with all three shocks, as can be seen from the signs, leading to a lower term premium estimate in the 1990's, as shown in Figure 8 , and a better fit with the realized data, as shown in Figure 7 . Shocks to the short rate also have the biggest effect on yields in late 1983, mainly reflecting a larger volatility of short rate shocks and a resulting larger term premium associated with short rate shocks during that period. In comparison, monetary policy during the most recent period is characterized by a response to real GDP growth shocks more aggressive than in previous periods. Table 9 reports the results from an in-sample variance decomposition of yields of various maturities into components due to time-varying parameters, each state factor, and a remainder term.
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Model FC precludes variations in the parameters and attributes nearly all the variations in yields to movement in the short rate. In contrast, Models TVC and TVC-S attribute a considerable proportion of variations in yields to time variations in parameter estimates, especially at longer maturities. Short rate variations continue to explain most of the remaining movement, but changes in inflation now plays a slightly more important role in driving shorter-maturity yields. 10 Results based on Model TVC are nearly identical. 11 See Clarida, Gali, and Gertler (2000) , for example. 12 See Appendix B for details of this decomposition. Kozicki and Tinsley (2001b) show that allowing time-varying endpoints is important for explaining the variations in long-term interest rates. To address the question whether the improvement in performance of Models TVC and TVC-S comes mainly from allowing a time-varying mean, we estimate an alternative model, Model PVC, where we allow time variations in the unconditional mean of the state variables but not in their persistence or volatilities. In particular, we model the shifting endpoints using a discounted weighted average with a rolling sample of 40 quarters and a quarterly gain of 98%, the same way as in Models TVC and TVC-S, but estimate the remaining VAR parameters once using the de-meaned final-vintage data over the full sample. The parameter estimates for this model are reported in Table 10 Figure 7 shows that it is able to capture the downward trend in the 10-year yields since early 1990s. Nevertheless, there are several episodes when this model provides a poor fit with the data. For example, it fails to match the magnitude of the two spikes in long yields during early and mid 1980s, as it by construction rules out the channel through which the rising volatilities of shocks to the real GDP growth and the nominal short rate lead the investors to demand a term premium.
Discussions
Shifts in Mean versus Shifts in All Parameters
Similarly, in the late 1980's, this model generates implied yields that are too high compared 13 The small differences are due to the fact that this model is estimated using the final-vintage data, while Models TVC and TVC-S are estimated using real-time data.
to the realized data, and overstates the subsequent decline in 10-year yield forecasts 5-to 10-year ahead when compared to the Blue Chip survey forecasts ( Figure 5 ). During this period, the 3-month short rate is expected to revert to its unconditional mean of about 8.5% from a level of around 5%, which pushes up the EH component of 10-year yield, while the model-implied term premium is largely unchanged around that time. In comparison, Model TVC-S implies that the short rate is expected to mean-revert at a slower pace in early 1987 than in the previous period, leading to a slightly lower EH component. More importantly, both Model TVC and Model TVC-S imply that volatilities of real GDP growth shocks are revised down during this period, leading to a large reduction in the model-implied term premium in late 1980's.
Finally, repeating the out-of-sample forecasting exercise in Section 5.4 based on the PVC model produces RMSEs for 10-year yields that are uniformly larger than the TVC models discussed above. (Detailed results not shown here for brevity).
These results suggest that allowing for variation in the perceived means of macroeconomic variables is not sufficient to capture the role of evolving beliefs about the structure of the economy on the term structure of interest rates. Rather, the evolving beliefs about the nature of short-term macroeconomic dynamics, as reflected in slope parameters, must also be accounted for to improve our understanding of the term structure.
Contribution of Additional Latent Factor
So far we've shown that allowing time dependence in the perceived dynamics of underlying state variables helps improve the model's fit with observed longer-term yields; nonetheless, the yield fitting errors are still large compared to those from a typical latent-factor term structure model. In this section we examine whether we can further improve on Model TVC by introducing an additional unobserved factor, as outlined in Section 3.2. Recall that under this specification, the latent factor has no effect on how the macro variables, including the short rate, evolve over time, but can affect longer-term yields by influencing the term premium.
The parameter estimates of the resulting model, Model TVC-L, are reported in Table 11 .
The yield fitting errors are much smaller compared to the corresponding model without a latent factor, Model TVC, with the RMSE 40% lower at the 10-year maturity. This improvement can also be seen from the top two panels of Figure 10 , which shows much smaller discrepancies between model-implied and realized yields at both the 2-year and the 10-year maturities. This better fit has to come through the term premium channel, as the perceived short rate process in this model is identical to that in Model TVC at each point in time. The bottom panel of Figure   10 plots the 2-year and 10-year term premiums. Comparing these to the corresponding series implied by Model TVC, shown in the top right panel of Figure 8 , we see more high-frequency variations in term premiums, while the their increase in early 1980's and the subsequent assume a smaller magnitude. The 10-year term premium appears to be lower after 1985, when it fluctuates around 50 basis points, than before 1980, when it fluctuates around 150 basis points.
The price of risk parameters, λ 1 , loads positively and significantly on the latent factor for inflation and nominal short rate shocks, as shown in Table 11 , implying that a more positive latent factor leads to a negative price on inflation and nominal short rate risks and reduce the term premium. On the other hand, the loading of the price of real GDP growth risks on the latent factor is not significantly different from zero.
Comparing Panels E and B in Table 9 shows that the latent factor absorbs some of the variations previously attributed to time-varying coefficients, especially at longer maturities, and explains about one quarter of the variations in the 10-year yield. In comparison, when we re-estimate the benchmark model, Model FC, with an additional latent factor, (the FC-L model) the latent factor accounts for about 2/3 of the 10-year yield movement. At the short end of the yield curve, short rate variations continue to play a dominant role, while the latent factor explains about 15% of the 1-year yield movement.
These results suggest that although allowing for evolving beliefs regarding the dynamics of the macroeconomy cannot fully account for the explanatory power of latent factors in fixedcoefficient models, it does go a long way towards such an accounting.
Conclusion
In this paper we build a simple model that can accommodate the presence of evolving beliefs regarding macroeconomic dynamics, and examine their role in explaining the term structure of interest rates. In each period, agents re-estimate a VAR on real GDP growth, inflation and the nominal short-term interest rate, and use this recursively estimated VAR to form expectations.
Using quarterly-vintages of real-time data and survey forecasts for the United States, we show that allowing for evolving macroeconomic perceptions in this manner generates predictions about the future path of the economy that are more consistent both with survey forecasts and with future realized values, relative to those from a benchmark model that imposes rational expectations and a fixed-coefficient VAR.
We then explore the role of the time-variation in beliefs regarding the structure of the economy for understanding the term-structure of interest rates. To that end, we price zero-coupon bonds of different maturities under the assumption that the investors' risk attitude is driven by expectations about the three state variables in the following period. We find that when we allow for evolving beliefs about the macroeconomy, the resulting term structure model provides a better fit to the cross section of yields than the benchmark model-especially at longer maturities-and exhibits better performance in out-of-sample prediction of yield movements. Supplementing the data with information from survey forecasts during the first-step VAR estimation further reduces the discrepancies between model-implied forecasts and survey expectations not only for macro variables but also for bond yields at shorter maturities.
These findings demonstrate the usefulness of imposing additional discipline on the estimation of term structure models using information from survey forecasts. Existing work in a latent-factor setting has shown that such information can materially improve estimation of the expected future short rate and the expected excess returns on long-term bonds. In a macro term structure framework, it also helps to ensure that the underlying macroeconomic model correctly approximates the evolving nature of the process governing the formation of expectations about the outlook of the economy by bond market participants at the time when bond yields are observed.
Our main result is that allowing for time variation in the perceived mean, slope and conditional volatilities of macroeconomic variables can greatly facilitate our understanding of the linkages between the macroeconomy and the term structure. In addition, when we introduce an additional latent factor that is uncorrelated with the macro variables, we find that the latent factor accounts for a smaller portion of yield curve variations in our preferred time-varying model than in the benchmark fixed-coefficient model.
Accounting for evolving macroeconomic perceptions, as reflected by parameter variations in the perceived dynamic process governing the economy, can help reconcile the seemingly conflicting evidence that on the one hand, interest rates respond strongly to news about the key macroeconomic variables (as demonstrated by even studies), while on the other hand, yields appear to have low explanatory power for subsequent realizations of the macro variables.
In summary, we conclude that accounting for evolving macroeconomic perceptions is a critical step towards a better understanding of the term structure of interest rates in the context of macro-finance models.
Appendix
A Bond pricing A.1 Time-varying µ, Φ and Σ Assuming that the price of an n-period bond at time t is an exponential affine function of the state variables
Therefore A n and B n follow recursive equations:
with initial conditions A 1 = 0 and B 1 = −e 1 .
A.2 Time-varying µ, Fixed Φ and Σ
Assuming that the price of an n-period bond at time t is an exponential affine function of the state variables
where ϕ 0,t = 0 3×1 in the first case and ϕ 0,t = F µ t in the second case. Therefore A n , B n and C n follow recursive equations:
in the first case and
in the second case, with initial conditions A 1 = 0, B 1 = −e 1 , C 1 = 0.
B Variance Decomposition
The n-quarter nominal yield is a function of underlying state variables
where X m t and X L t denote macro and latent factors, respectively. Its variance can be computed as
where we use the equality
for uncorrelated column vectors a and b.
The third term on the right hand side can be further decomposed into two components driven by macro and latent factors:
We therefore decompose the variance of n-quarter nominal yield into a component due to time variations in parameter estimates,
, a component due to variations in macro factors,
, a component due to variations in the latent factor,
, and a remainder term
that is due to trace {var (b n,t ) var (X t )} as well as in-sample correlations between parameter and state variable estimates. Note: This table summarizes various models estimated in this paper. "FC" stands for fixed coefficients, "TVC" stands for time-varying coefficients, and "PFC" stands for partially fixed coefficients. Models denoted with the suffix "-S" are the same as corresponding models without the suffix but are estimated with SPF forecasts as additional inputs. Models denoted with the suffix "-L" includes one additional latent factor that drives the term structure. n/a 2.620 n/a n/a 1.220 n/a n/a 1.220 n/a 20-40 n/a n/a n/a n/a n/a n/a n/a n/a n/a Note: This table summarizes differences between model and survey forecasts for the real GDP growth ("GDPG"), inflation and the 3-month yield ("3m yld") at various forecasting horizons. The statistics reported are the ratios of RMSEs over those of corresponding Random Walk models. Note: This table summarizes differences between model and survey forecasts for the 2-year yield ("2y yld") and the 10-year yield ("10y yld") at various forecasting horizons. The statistics reported are the ratios of RMSEs over those of corresponding Random Walk models. Note: Numbers in bold are sample means and sample standard deviations (in parentheses) of parameter estimates. The rest are parameter estimates and standard errors (in parentheses). Parameters µ, Σ and standard deviations of measurement errors are multiplied by 400. λ 1 is divided by 400. Note: Numbers in bold are sample means and sample standard deviations (in parentheses) of parameter estimates. The rest are parameter estimates and standard errors (in parentheses). Parameters µ, Σ and standard deviations of measurement errors are multiplied by 400. λ 1 is divided by 400. This figure plots 3-month T-bill yields, 4-quarter real GDP growth, 4-quarter GDP deflator inflation and the corresponding SPF forecasts lagged 4 quarters behind. Shaded areas represent NBER recessions. 
